Ecologists usually estimate means, but devote much less attention to variation. The study of variation is a key aspect to understand natural systems and to make predictions regarding them. In community ecology, most studies focus on local species diversity (alpha diversity), but only in recent decades have ecologists devoted proper attention to variation in community composition among sites (beta diversity). This is in spite of the fact that the first attempts to estimate beta diversity date back to the pioneering work by Koch and Whittaker in the 1950s. Progress in the last decade has been made in the development both of methods and of hypotheses about the origin and maintenance of variation in community composition. For instance, methods are available to partition total diversity in a region (gamma diversity), in a local component (alpha), and several beta diversities, each corresponding to one scale in a hierarchy. The popularization of the so-called raw-data approach (based on partial constrained ordination techniques) and the distance-based approach (based on correlation of dissimilarity/ distance matrices) have allowed many ecologists to address current hypotheses about beta diversity patterns. Overall, these hypotheses are based on niche and neutral theory, accounting for the relative roles of environmental and spatial processes (or a combination of them) in shaping metacommunities. Recent studies have addressed these issues on a variety of spatial and temporal scales, habitats and taxonomic groups. Moreover, life history and functional traits of species such as dispersal abilities and rarity have begun to be considered in studies of beta diversity. In this article we briefly review some of these new tools and approaches developed in recent years, and illustrate them by using case studies in aquatic ecosystems.
scales, such as additive or multiplicative diversity partitioning (Allan, 1975; Crist et al., 2003; Jost, 2007) .
In addition to methods to estimate beta diversity, a new avenue has been opened by the availability of methods to study directly factors that generate beta diversity (Padial et al., 2010) . Most of these new methods that relate environmental factors to beta diversity may be grouped in the raw-data and the distance-based approaches (Legendre et al., 2005; Tuomisto and Ruokolainen, 2006) . The raw-data approach is based on partial constrained ordination techniques such as partial Canonical Correspondence Analysis (pCCA), partial Redundancy Analysis (pRDA) and partial Canonical Analysis of Principal Coordinates (pCAP). They are used to estimate the relative roles of environmental and spatial variables (or groups of variables) in accounting for variation in community composition (Legendre et al., 2005) . The distance approach is based on correlation of dissimilarity/ distance matrices (partial Mantel, distance-based regression), and is aimed at identifying variables (or groups of variables) associated with variation in dissimilarity values (Melo et al., 2009) .
The oldest and perhaps still the most popular focus of beta-diversity studies is the comparison of sites within a single region. For instance, many studies have evaluated the dissimilarity among nearby or distant sites (the distance-decay relationship; Nekola and White, 1999) and how representative a single site is of the region under study (the local-regional relationship; Loreau, 2000) . In the last decade, however, the diversified set of tools to measure and explain beta diversity has stimulated studies on a wide array of subjects.
Introduction
Most ecological studies aim to estimate means. For instance, many studies on population ecology estimate average population growth rate, while in community ecology it is very common to estimate the average number of species found in a particular type of habitat. The use of a measure of variability as a response variable is rare, particularly in aquatic ecology , although recent studies have addressed this topic (Melo et al., 2009; Nabout et al., 2009; Ng et al., 2009; . This lack of studies persists despite the fundamental cues that variability allows us to best understand natural ecosystems and consequently to design practical applications for management (Palmer and Poff, 1997) .
In community ecology, a fundamental concept of variation is beta diversity, which can be defined simply as the variation in community composition among sites or among time periods (but see Tuomisto, 2010; Anderson et al., 2010) . The concept is not new, and the first suggestions for its use and quantification were made by Koch (1957) and Whittaker (1960) . However, the concept was rarely used until the end of the 1990s. Since then, the increasing interest of ecologists concomitantly with the development of new methods of study have made the subject a popular topic in ecology ( Figure 1) .
One of the first forms of quantification of beta diversity was the ratio of the regional species richness and the average species richness observed at the component sites (Koch, 1957; Whittaker, 1960) , also known as hierarchical beta diversity. A second, related approach involves the use of dissimilarity indices (Koleff et al., 2003) . More recently, methods have been generalized to take into account not only the local-regional scales but many hierarchical (diversidade gama) num componente local (alfa) e diversos componentes de diversidade beta, cada um referente a uma escala na hierarquia. A popularização da chamada abordagem de dados brutos (raw-data approach) (baseada em técnicas de ordenação parcial restrita) e abordagem baseada em distância (distance-based approach) (baseada em correlações de matrizes de dissimilaridade/distância) tem possibilitado a avaliação de hipóteses sobre os padrões de diversidade beta. De maneira geral, estas hipóteses são baseadas nas teorias de nicho e neutra, e levam em consideração o papel do ambiente e do espaço (ou combinação deles) na determinação das metacomunidades. Estudos recentes avaliaram estes temas em grande variedade de escalas espaciais e temporais, de habitats e grupos taxonômicos. Adicionalmente, histórias de vida e traços funcionais das espécies tais como habilidades de dispersão e raridade estão começando a ser consideradas nos estudos de diversidade beta. Neste artigo nós revisamos brevemente algumas destas novas ferramentas e abordagens e as ilustramos com estudos de caso em ecossistemas aquáticos.
Palavras-chaves: substituição temporal, escalas hierarquicas, espécies raras, dissimilaridade, CCA. or prediction of variation in community composition or dissimilarities among sites, partitioning of total diversity on multiple hierarchical scales, temporal dimension), a promising new focus of study is the relationship among life history and functional traits of species with beta-diversity patterns (Soininen et al., 2007) . For instance, one may expect that groups of species with low dispersal ability would show high beta diversity in space when compared to groups with high dispersal abilities (Steinitz et al., 2006; Dobrovolski et al., 2012) . Also, environmental and spatial processes generating beta diversity among sites for common species may differ from those determining beta diversity for rare species Siqueira et al., 2012) .
In this article, we briefly review some of the new tools and approaches developed in recent years to study beta diversity. We illustrate these tools and different approaches using case studies in aquatic ecosystems. This article results from the Symposium "Beta diversity: theoretical and methodological advances" of the XIII Brazilian Meeting on Limnology held at Natal, Rio Grande do Norte in September 2011.
How to Assess Factors that Generate Beta Diversity? The Raw-and Dissimilarity-Based Approaches

2.1.The data
The basic dataset collected by ecologists who are interested in measuring and inferring the mechanisms behind beta diversity can be divided, at a minimum, into three tables. The first, the response variable matrix, consists of a communitycomposition data table or a sites-by-species matrix (Y). Environmental (X) and spatial (W) sites-by-variables are the other two tables, which are often used as explanatory variable matrices within a metacommunity framework (Legendre, 2008) . It is important to emphasize that a matrix containing spatial variables (W) can be derived from an eigenfunction spatial analysis (Griffith and Peres-Neto, 2006 and references therein), a much more flexible approach than the use of simple geographical coordinates (latitude and longitude) or their polynomial extensions. Besides, simple geographical distance between two sites may be a poor representation of dispersal pathways or hydrological connections (e.g., streams in a river network), and therefore, spatial eigenfunction analyses can be applied to watercourse distances A popular extension of the beta-diversity concept observed in the last decade is diversity partitioning (Crist et al., 2003) . The idea is to partition the total diversity and assess the relative importance of alpha (local) and several beta components, each one corresponding to a scale in a hierarchy. The most common approach is the use of additive partitioning of total species richness, although methods are available to carry out multiplicative partitioning and to use values of diversity indices rather than species richness (Jost, 2007) . The magnitude of a particular component is dependent on the number and size of samples (or levels) on each scale, and is therefore not directly comparable. Accordingly, the importance of each component is usually contrasted to a distribution of expected values obtained under a null model (Crist et al., 2003; Ligeiro et al., 2010) .
A second extension is the use of the beta diversity (or variation in community composition) across different temporal scales (Schneck et al., 2011) . Studies on community variation in time (or persistence, stability) are not new, and have treated a wide array of organisms (Rahel, 1990; Vieira et al., 2005) . However, recent studies have employed new tools that were originally developed to study space, to assess community variation over time. For instance, the alpha-beta relationship commonly used in the spatial dimension can be easily applied to the temporal dimension. Also, a relatively recent multivariate technique that measures beta diversity as the distance-to-centroid in a multidimensional space (Anderson et al., 2006) has been used to test a hypothesis of different community persistence in rainy or dry seasons on a multi-year scale (Schneck et al., 2011) .
In addition to the new tools and the resultant widening in the scope of the studies (e.g., explanation are usually tested (e.g., Cottenie, 2005) . These mechanisms include i) patch-dynamics, ii) speciessorting, iii) mass-effects and iv) neutral processes (Leibold et al., 2004) . Of these, patch dynamics is rarely observed, at least in empirical studies (Logue et al., 2011) , and will not be discussed here. The species-sorting mechanism or paradigm is probably the most familiar to aquatic ecologists, and assumes that species distributions are strongly controlled by environmental variation. Dispersal between sites (e.g., lakes) is supposedly not sufficient to erase the environmental signature. The neutral paradigm, on the other hand, assumes that species are ecologically equivalent in terms of birth, death and dispersal rates, and that dispersal limitation is the main process underlying variation in community composition. As a corollary, for instance, two lakes with similar environmental conditions may harbor communities with different compositions if the distance between them is large enough to reduce the homogenization effect caused by dispersal. Finally, according to the masseffects paradigm, both dispersal and niche-based processes are important in shaping the structure of local communities. For instance, two nearby lakes with different environmental characteristics may contain similar communities. Thus, although competitively dominant species are found in a lake where their environmental requirements are met, other species with different requirements may also be found in this lake due to their dispersal from other lakes that support the requirements of the second set of species. This source-sink dynamic tends to reduce the actual importance of environmental gradients as main predictors of community structure. However, these paradigms, which can act simultaneously on a metacommunity (Gonzalez, 2009) , and consequently on the beta diversity, represent a gradation of the efficiency of local and regional processes in the determination of community structure. In general, to invoke these paradigms to explain beta diversity is to assume that the composition of a metacommunity is subject to local environmental conditions and/or demographic aspects, and environmental stochasticity (with caveats, see "the interpretation, the problems and, unfortunately, the few solutions" below).
2.4.The analysis
Armed with a set of empirical data (matrices Y, X and W), the relative roles of the metacommunity paradigms in shaping the structure of local communities may be quantified by a variation-(e.g., Landeiro et al., 2011) . Finally, even the direction of the flow may be allowed for by using eigenvector maps (AEM) modeling (Blanchet et al., 2008) . In the case of the raw-data approach, the aforementioned rectangular matrices are used directly in constrained ordination analyses [e.g., redundancy analysis (RDA) and canonical correspondence analysis (CCA)]. For the distancebased approach, these matrices are transformed to triangular matrices using a suitable distance (or dissimilarity) index and are submitted to a Mantel test, for example.
2.2.The objectives of raw-data and distance-based approaches
Ecologists have used the raw-data and the distance-based approaches as equivalent methods to study beta diversity. However, Legendre et al. (2005) warned that distance-based methods should not be used to study beta diversity because variation in community composition may not translate into variation of dissimilarity values. They presented an example where sampling sites with different species compositions results in a dissimilarity matrix with all elements showing the same value. The criticism by Legendre et al. (2005) was followed by a paper by Tuomisto and Ruokolainen (2006) in which they argued that the two approaches are not equivalent (and thus not comparable), but should be used to test different ecological hypotheses. In their opinion, the raw-data approach should be used to study variation in community composition, whereas distance-based methods should be used to study variation in dissimilarity values. Tuomisto and Ruokolainen (2006, p. 2697 ) went further and suggested that: "Hubbell's neutral theory could only be tested using the distance approach, because its testable predictions are stated in terms of distances, not in terms of raw data."
Their article stimulated an intense debate that was mainly composed of four articles: three commentaries on Tuomisto and Ruokolainen's article, by Legendre et al. (2008) , Pélissier et al. (2008) and Laliberté (2008) , and one reply to these comments by Tuomisto and Ruokolainen (2008) . We suggest a careful reading of these articles for those who are interested in the study of beta diversity.
2.3.The mechanisms
Using these matrices and variation partitioning analyses (see below), the likelihoods that four main mechanisms will shape community structure matrices (Lichstein, 2007) or Mantel and partial Mantel tests, instead of canonical analyses (pRDA, pCCA, or pCAP). However, some concern has been expressed about partitioning the variance of dissimilarity matrices (see Legendre et al., 2008) ; especially regarding the non-existence of a method to control for the number of variables in the estimation of the individual fractions (i.e., adjusted R-square); and whether the same amount of explained variation is obtained if all explanatory variables are included as a single distance matrix or as separate distance matrices (i.e., additivity). For the last concern, a single explanatory matrix constituted of physical and chemical variables could produce explained variation distinct from that produced by two matrices each one including physical or chemical variables.
2.5.The interpretation, the problems and, unfortunately, the few solutions
A common finding in studies partitioning variation among space and environment is that explained fractions are usually low (e.g. Landeiro et al., 2011) . This could be simply a result of unmeasured environmental variables or use of inadequate spatial matrices. However, the solution in most cases is not easy. For instance, it is not always obvious which environmental variables affect biota and in what scale they should be measured. For the spatial matrix, it should reflect how organisms disperse within the landscape, what is not always obvious. For instance, distinct groups may present distinct dispersal forms and thus distinct spatial matrices would be necessary (Landeiro et al., 2011) .
The magnitudes of fractions [a] and [c] are usually used to infer the relative importance of niche-based and neutral processes, respectively (e.g., Cottenie, 2005) , while that of fraction [b] is equally consistent with either process. So far, so good. However, things are never that simple, and a number of caveats are associated with these interpretations despite the ever-increasing methodological advances in the field. First, a large fraction [c] may simply indicate the importance of a spatially autocorrelated environmental predictor missing from matrix X (Peres-Neto and Legendre, 2010) . A possible solution to this conundrum consists in estimating species abundance according to a pure spatial model and testing the following predictions: i) estimated abundances are spatially structured in a similar way (this can be analyzed by a spatial correlogram), ii) estimated abundances are uncorrelated among each other and iii) the Mantel's partitioning analysis. This analytical tool was initially developed by Mood (1969) and popularized in the ecological literature by Borcard et al. (1992) . Following a raw-data approach (Legendre et al., 2005) , this analysis allows one to partition the total variation of Y into different fractions, as follows. The fractions [a + b], [b + c] and [a + b + c] correspond to the variation "explained" by the environmental data matrix (X), by the spatial data matrix (W), and by both sets of explanatory matrices (i.e., when the variables of both matrices are included in a single matrix), respectively. The fraction [d] is the variation that remained unexplained. In all cases, the composition data table Y is the response-variable matrix, and these fractions can be estimated by the adjusted canonical coefficients of determination (R adj 2 ), a statistic that is not biased by the number of explanatory variables and sample size derived from canonical analyses of Y with respect to X, of Y with respect to W, and of Y with respect to tables X and W, respectively (Legendre, 2008) . There are three main canonical analyses that can be employed to partition the variability of raw data: partial Redundancy Analysis (pRDA), partial Canonical Correspondence Analysis (pCCA) and, used rarely, partial Constrained Principal Coordinates Analysis (pCAP). Thus, one needs to use one of these approaches and perform a total of three canonical analyses. Afterwards, the fractions of variation indicating the joint explanatory power of space and environment (fraction b -the spatially structured environmental variation), the variations explained exclusively by environmental predictors [a], and exclusively by the spatial variables [c] are estimated, respectively, by the following Equations 1, 2 e 3:
Fractions [a] and [c] can be tested for statistical significance using a Monte Carlo procedure (Legendre and Legendre, 1998 ; see pages 608-612). Also, a bootstrap procedure for testing for the difference between fractions [a] and [c] in canonical variation partitioning is described by Peres-Neto et al. (2006) .
The variation explained using the distance-based approach can be partitioned using the same general scheme presented above for the raw-data approach. However, in this case, variance partitioning is based on multiple regression of dissimilarity interactions can be very important at a fine scale but not at intermediate or broad spatial scales. The importance of scale has been widely recognized, although only recently have ecologists studied it in detail (Wu and Loucks, 1995) . In the context of beta diversity, ecologists may be interested in the variation in community composition among levels within a particular scale and among scales in a hierarchy. For instance, one may ask where the highest beta diversity resides in a range of hierarchical scales (e.g., microhabitat [cm] → lake shore [m] → lake [km] → region [10-100 km] → biome [500-1000 km]).
Stream systems have a hierarchical structure composed of habitats (riffles, pools), stream segments, and the catchment basin (Allan, 2004) . Aquatic assemblages vary on these different scales, and this variation can be caused by different factors. At small scales, variation should be caused mostly by the environment, while dispersal-related mechanisms should tend to be relatively more important at large scales (Parsons et al., 2003) . Previous studies have suggested that for aquatic organisms, the proportion of variance explained by environmental factors increases with decreasing scale, whereas the spatial effects become more important at increasing scale (Mykrä et al., 2004) . However, the correlation between environmental conditions and space make it difficult to determine the real importance of each one.
Hepp and Melo (unpublished manuscript) assessed the sole contribution of space in a range of hierarchical scales by sampling similar habitats of stream ecosystems. The field data included aquatic insects (Ephemeroptera, Plecoptera and Trichoptera) in 96 Surber sampling units in 48 riffles in 4 streams in 4 microbasins in southern Brazil. They evaluated the relative importance of alpha and beta diversity components at these multiple spatial scales using additive partitioning analysis of the total observed species richness. They showed that species richness at the scale of microhabitats (Surber units) was lower than that expected by an appropriate null model, indicating that the fauna is aggregated at this scale. A similar result has been obtained in previous studies, and seems to be a general feature of aquatic ecosystems (Stendera and Johnson, 2005; Ligeiro et al., 2010) . On the other hand, the values of richness observed in the β 1 (among Surber), β 2 (among riffles), β 3 (among streams), and β 4 (among microbasins) were significantly higher than those expected under an appropriate null model. The highest absolute correlation between matrices M (containing the similarity among the correlograms) and R (containing the correlations among abundances) should be non-significant (Diniz-Filho et al., 2012) . Second, according to recent simulation studies, fractions [a] and [c] are not unequivocal indicators of the relative importance of niche and neutral processes in accounting for variation in the structure of local communities (see below) (Gilbert and Bennett, 2010; Smith and Lundholm, 2010) .
In general, the same interpretations regarding the relative roles of niche and neutral processes are made when the fractions are estimated according to a distance approach (where matrices Y, X and W are first converted to distances). However, the different questions targeted by the raw-data and distance approaches should be considered (Legendre et al., 2005 Tuomisto and Ruokolainen, 2006, 2008) . We are of the opinion that the tests offered by the distance approach are more appropriate to assess the predictions of neutral theory (mainly the decrease in community similarity with distance; Hubbell, 2001) . These tests, nevertheless, may also be flawed (Gilbert and Bennett, 2010) . For instance, Smith and Lundholm (2010, p. 648) using simulations found that "The degree of dispersal limitation contributes to both the pure environmental and pure spatial variance partitions." This a bit difficult to interpret as the straightforward expectation in this case would be an increase in the shared component [b] . The same authors found that "[...] the proportion of variation attributed to environmental variation depends not only on the strength of environmental control, but also on the specific spatial configuration of the environmental variable." (Smith and Lundholm, 2010, p. 648 ).
In addition, Ferrier et al. (2007) indicated that non-linear relationships between compositional distance matrices derived from Y and W (or X) distance matrices are commonly found. This nonlinearity, although its causes are simple (e.g., the upper limit of many dissimilarity coefficients used for biological, environmental and spatial data is 1), limits our ability to test metacommunity predictions. Although solutions to this problem exist (Ferrier et al., 2007) , they are rarely (if ever) used.
Where is Beta Diversity Highest? Beta Diversity at Multiple Spatial Scales
Many processes and their resulting patterns in nature are scale-specific. For instance, biological
The study of temporal turnover can also have important applied implications, helping us to understand and identify the responses of ecological systems to natural and anthropogenic disturbances (Scarsbrook, 2002; Brown et al., 2006; Milner et al., 2006; Fraterrigo and Rusak, 2008) . For instance, assessments considering only species diversity may not capture the effects of anthropogenic impacts, yet drastic changes may take place in species composition. In particular, native species may be replaced by exotic ones, although the alpha diversity at the site remains the same. Thus, the increase or decrease in beta diversity over time represents an additional way to assess whether, after a disturbance event, a community tends to diverge from or to converge with its original composition (Collins et al., 2000) .
Recently, advances in analytical methods have allowed more accurate assessments of whether temporal dynamics differ among communities, ecosystems, or other groups of interest (Anderson et al., 2006) , or whether temporal trends in beta diversity can lead to a convergence, divergence or stability of communities (Collins et al., 2000) , and which mechanisms likely drive these trends (Clarke and Ainsworth, 1993) . The method implemented by Anderson et al. (2006) uses a measure of variability (dispersion) within pre-defined groups of samples in a Principal Coordinates Analysis (PCoA). This procedure calculates the distance of each sampling unit to its group centroid in the multivariate space of a PCoA, followed by a permutation test that evaluates the null hypothesis that the groups did not differ in their dispersion (in a univariate context, this is similar to Levene's test of variance homogeneity). Thus, differences in the dispersion of the groups can be interpreted as differences in variability (i.e., beta diversity, persistence). Another interesting approach, which is closely based on the Mantel test, was developed by Collins et al. (2000) , in which beta diversity is evaluated through increasing time lags. A regression analysis is applied between a dissimilarity matrix of the community (and thus a distance-based approach) and a time-lag matrix to evaluate temporal trends of the community. The slopes of the regressions indicate the rate of temporal change of the community (Korhonen et al., 2010) . Direct assessments of the mechanisms related to temporal turnover of species can be performed using procedures for matrices comparisons. For example, the Mantel test correlates the temporal turnover of the community with a dissimilarity matrix of variation of the richness was found in β 3 (among streams, 30.6%) and β 4 (among microbasins, 29.7%). The beta-diversity component of the first scale (β 1 = among Surbers) accounted for 7.9% of the total richness. They concluded that, taking into account the effect of environmental conditions, spatial effects are more pronounced at the upper levels of the hierarchy, that is, among streams and microbasins.
Focusing on the Time Dimension: Interannual Beta Diversity
Communities are temporally dynamic. This variability in community composition over time is equivalent to the variability in space, and thus can be termed temporal beta diversity or temporal turnover (Magurran, 2003; Korhonen et al., 2010) . The analysis of temporal turnover contributes to the study of some intrinsic properties of communities, such as stability (Scarsbrook, 2002) , resilience (Ives et al., 2003) , resistance (Pimm, 1984) and persistence (Connell and Sousa, 1983) . Also, they can produce insights on processes that ultimately determine community composition. For instance, Thomaz et al. (2007) showed that low beta diversity among water bodies is associated to seasonal floods that homogenize the biota. As the water level recedes, water bodies become isolated and the biota follow distinct temporal trajectories in part as a response to local factors, resulting in high beta diversity.
The degree of variability depends on a multitude of factors. For instance, temporal turnover is likely to be driven by environmental variability (Bengtsson et al., 1997) , but it varies across ecosystems, organisms and latitude (Korhonen et al., 2010) . Additionally, sampling artifacts can explain the variability of communities through time (Bengtsson et al., 1997) , because of the occurrence of rare species in some samples but not in others. In this context, understanding which mechanisms are responsible for the temporal variability of communities is a challenge for ecologists. Although temporal turnover has received less attention than spatial turnover, recent studies with several aquatic communities have addressed this topic. For instance, studies on temporal turnover have focused on phytoplankton (Schneck et al., 2011) , zooplankton (Shurin et al., 2007) , macroinvertebrates Siqueira et al., 2008) , fish (Pyron et al., 2006) and aquatic macrophytes (Thomaz et al., 2009) .
They observed that the diversity of testate amoebae increased over time, at both local and regional scales. In contrast, local and regional diversities of rotifers decreased over time, while microcrustaceans remained unchanged. Regarding beta diversity, there was a temporal trend of increase for both microcrustaceans and rotifers. They concluded that long-term changes in community composition were dependent on particular groups of organisms. Also, they showed the importance of taking beta diversity into account to best understand community dynamics.
Focusing on Species: Beta Diversity in Sets of Common and Rare Species
Recent advances in concepts and tools in the study of biodiversity patterns have stimulated the proposal of new hypotheses about the causes and consequences of beta diversity. For example, in their review of the distance decay of similarity in ecological communities, Soininen et al. (2007) extended the idea proposed by Nekola and White (1999) and suggested future studies to examine if variability in dispersal rates among organisms could affect the relationships between community dissimilarity and both geographic and environmental distance. Thus, in metacommunities composed of species that differ in their dispersal abilities, a different contribution of environmental variables and spatial processes to beta diversity patterns could be expected (Thompson and Townsend, 2006) . In this context, Cottenie (2005) showed that the structure of metacommunities composed of a group of passively dispersed species is explained mainly by the environment, showing no significant sign of the effects of spatial processes.
More recently, some studies have begun to incorporate other species traits, such as mode of reproduction and the rarity and commonness of the constituent species, to best understand beta diversity patterns. One promising approach is to investigate whether beta diversity in sets of common and rare species (Chase et al., 2005) or of specialists and generalists (Pandit et al., 2009 ) is more likely to conform to the predictions of niche or neutral theory. Although recent research has suggested that species-richness patterns are driven mainly by common and widespread species (Jetz and Rahbek, 2002; Lennon et al., 2004) , we know almost nothing about how sets of common and rare species contribute to beta-diversity patterns.
It is now becoming accepted in ecology that environmental and spatial processes do not act independently of each other, and that studies of environmental variables (Legendre and Legendre, 1998) . A similar procedure suggested by Clarke and Ainsworth (1993) optimizes the subset of environmental or spatial variables that best explain the matrix containing the pairwise compositional dissimilarities between sampling dates. Finally, the methods used to partition variation in community composition discussed previously (pCCA, pRDA and pCAP) can also be extended to study time. In this case three matrices of explanatory variables are used (i.e., environmental, spatial and temporal sites-by-variables matrices) and, in addition to the exclusive fraction of each matrix, four other components are obtained reflecting the shared fractions among all three pairwise combinations and the fraction shared by all three factors.
A recent study used the distance-to-centroid approach to evaluate the interannual persistence of phytoplankton communities among summers (dry season) and among winters (rainy season) during five years in a subtropical reservoir (Schneck et al., 2011) . The dispersion of the sampling units collected during rainy winters was significantly greater than the dispersion of the sampling units from summer, allowing the authors to conclude that assemblages occurring in the rainy season were less persistent (i.e., more variable) among years than were assemblages in the dry season. Additionally, the same approach was used to compare the environmental variability between the two seasons. The pattern observed was similar to that found for the community, with rainy winters showing greater environmental variability than summers among years. The study also found that the dissimilarity of the communities increased through time for both seasons, but was more pronounced among winters. These results support the view that greater environmental variability leads to greater variability (lower persistence) and greater dissimilarity of assemblages. Also, they imply that anthropogenic impacts should be best detected during dry seasons, when departures from reference conditions are minimal.
Alpha and gamma diversities may remain unchanged despite changes in community composition. Also, temporal trends of alpha and beta diversities may depend on the particular taxa under study. For instance, long-lived groups may show lower temporal beta diversity than those with short life spans. Bonecker et al. (unpublished manuscript) assessed alpha and beta diversity of zooplankton groups during a ten-year period (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) in the Upper Paraná River floodplain. from common species only . The second result was that both common and rare species are affected mainly by similar environmental factors, but that rare species also respond to processes that operate at a more finegrained spatial scale, particularly biotic interactions . Besides providing clues about the causes of rarity in nature, these results show that a better understanding of beta diversity patterns can be reached if we consider metacommunities as composed of sets of species assembled by different ecological traits.
The Decade of Beta Diversity: How Can We Advance? Time for an Epitaph?
We mostly agree with Ricklefs' (2008, p. 741) criticisms of the weakness of studies on single local communities, and that studies focusing on regional scales "[…] reveal more about the processes that generate diversity patterns than does the co-occurrence of species at any given point."
However, it should be noted that the enormous interest of ecologists in the local-regional relationship and beta diversity in the last decade has ameliorated the overall problem. In addition to the inclusion of multiple communities and broad spatial scales, we feel that little progress will be made until the problems with the use of the current available methods to model spatial variation in community structure have been solved.
Despite the indubitable conceptual and methodological advances seen in metacommunity ecology, we are far from reaching a general framework with high predictive power. Some authors consider that our goals should not consist of attempting to explain a large proportion of the variance in community structure (e.g., Ter Braak, 1986). However, despite using a plethora of methods, transformations and (environmental and spatial) predictors, it is difficult to be convincing about the mechanisms underlying species distribution when we usually explain, in general, only about 10% of the variance in the composition of species-rich communities. In these cases, a key issue is whether such a low percentage of explained variance is due to the lack of environmental or spatial variables or simply the stochastic nature of communities. Teasing apart these two sources of uncertainties is not easy, although experimental approaches are very promising (Chase, 2010) . Also, it is harder to be persuaded, as is often attempted, that our results in the field can be of any help in slowing the ongoing beta diversity should consider simultaneously the roles of dispersal limitation and species' responses to environmental conditions (Leibold et al., 2004; Leibold and McPeek, 2006; Thompson and Townsend, 2006) . Thus, one could hypothesize that common and rare species should be affected by deterministic and stochastic processes in different ways. This is because there is a close relationship between the main mechanisms proposed to explain commonness and rarity in nature, and current models proposed to explain beta diversity patterns in metacommunities. In general, the proposed determinants of rarity can be grouped into two broad categories. Some authors have suggested that deterministic processes related to niche differentiation among species cause some species to be rare and others to be common (Rabinowitz et al., 1984; Cornwell and Ackerly, 2010) . For example, in an analysis of estuarine fish communities, Magurran and Henderson (2003) found that common and frequent species were associated with muddy substrata, whereas rare and occasional species were associated with rock, sand, gravel or weed substrata. Other authors have suggested that rarity is more related to stochastic processes related to dispersal limitation and colonization dynamics (Kunin and Gaston, 1993) . For example, Resh et al. (2005) found that in long-term benthic-macroinvertebrate surveys, common species are more likely to disperse by drift and exhibit higher female dispersal potential than do rare species.
Two recent studies investigated the link between rarity and beta diversity in freshwater communities. and Siqueira et al. (2012) investigated the relationship between beta-diversity patterns, in sets of common and rare species, and environmental and spatial gradients. Whereas were interested in showing whether sets of common and rare species could be used to describe turnover-environment relationships shown by overall species sets, Siqueira et al. (2012) tested specific hypotheses about how common and rare species would be affected by environmental and spatial variables. These studies used a number of data sets on the distribution and abundance of phytoplankton, zooplankton, microcrustaceans and macroinvertebrates in ponds, lakes and streams from temperate and tropical regions. In summary, they obtained two main results. First, common species are the main drivers of beta diversity patterns in aquatic metacommunities, therefore suggesting that these patterns can be described using information (476304/2007-5; 474560/2009-0; 558187/2009-9) and a research fellowship (302482/2008-3) from the Conselho Nacional de Desenvolvimento Científico e Tecnológico (CNPq). Research by LMB is continuously supported by CNPq. FS received a student fellowship from the Coordenação de Aperfeiçoamento de Pessoal de Nível Superior (CAPES). NRS and TS received postdoctoral fellowships from CNPq. loss of biodiversity. On the other hand, there are other paths that we can follow to avoid this. For instance, we still need more powerful multivariate or objective methods to delineate our response matrix, which are able to discriminate stochastic and noise variation. Perhaps we are being quixotic when we try to model the latter form of variation.
Most studies in emerging fields within ecology focus on documenting patterns. This is taken as a basis for inductive reasoning to pose mechanistic explanations a posteriori. Although this surely constitutes an important way in which science advances, it has some philosophical and practical shortcomings. For instance, many ecologists focus exclusively on gathering data to document patterns, as if this mountain of information could by itself reveal the hidden processes that generate the pattern (Rigler and Peters, 1995) . Studies should be more theory-based and aim to test hypotheses and directional predictions. Most of the many experimental studies conducted up to now were designed to test a particular metacommunity paradigm (predominantly patch dynamics and mass-effects; see Logue et al., 2011) . However, few studies have made specific predictions directly related to the dissimilarity values, although we envisage that these dissimilarity-based predictions should provide interesting insights in coming years. For instance, in a four-year experimental study with aquatic plants and animals, Chase (2010 Chase ( , p. 1388 has shown that higher compositional dissimilarity at higher productivity "[…] resulted from a stronger role for stochastic relative to deterministic assembly processes with increasing productivity."
The increasing interest in beta diversity and the concurrent development of methods for its study seen in the last decade indicate that this field of study will be an actively investigated topic in ecology in the next decade. However, ecologists should take into account the challenges and difficulties (e.g., too-fine spatial scales, uncertainties regarding lack of predictor variables) to advance knowledge of beta diversity patterns and their generating processes.
